In this paper, we propose a context-aware keyword spotting model employing a character-level recurrent neural network (RNN) for spoken term detection in continuous speech. The RNN is end-toend trained with connectionist temporal classification (CTC) to generate the probabilities of character and word-boundary labels. There is no need for the phonetic transcription, senone modeling, or system dictionary in training and testing. Also, keywords can easily be added and modified by editing the text based keyword list without retraining the RNN. Moreover, the unidirectional RNN processes an infinitely long input audio streams without pre-segmentation and keywords are detected with low-latency before the utterance is finished. Experimental results show that the proposed keyword spotter significantly outperforms the deep neural network (DNN) and hidden Markov model (HMM) based keyword-filler model even with less computations.
vocabulary continuous speech recognition (LVCSR), keyword spotting is usually designed with a simple structure, which is suitable for real-time low-power systems.
The traditional hidden Markov model (HMM) based keyword spotter [1] does not include a language model to limit the complexity of the decoding stage. Therefore, the algorithm only makes use of the pronunciation without knowing the context of the utterances. This is especially problematic when the phonetic description of a certain keyword is included in other longer spoken words, as there is no way to distinguish whether the detected phonetic sequence is actually belonging to the matching keyword or a part of other words. For example, the keyword "honey" can be detected when "honeymoon" is spoken.
To remedy this issue, a recurrent neural network (RNN) based context-aware keyword spotter is proposed in this paper. The RNN is end-to-end trained with connectionist temporal classification (CTC) [2] to directly transcribe the input speech to a sequence of character labels and a wordboundary label. The word-boundary label plays a key role in filtering out the case where a certain keyword string is included in other words. The soft output of the RNN is fed into a simple decoding network for computing posterior probabilities of keywords.
The proposed keyword spotter has several advantages over the previous approaches as follows:
• The front-end RNN is unidirectional and trained by online CTC [3] to process infinitely long audio streams with low latency. Therefore, there is no need for pre-segmenting the utterance with an additional voice activity detector [4] . On the other hand, in the previous approaches with bidirectional RNNs [5] , [6] , keywords are detected after listening each (pre-segmented) utterance to the end.
• The RNN is end-to-end trained. Unlike the previous phoneme based approaches [1] , [6] , there is no need for phoneme or senone modeling in both learning and testing. Also, the RNN learns vocabulary and weak language models, which allows it to detect word boundaries and greatly improve the accuracy in continuous speech.
II. END-TO-END KEYWORD SPOTTING MODEL
The proposed keyword spotter consists of a front-end RNN and a back-end decoder. At each frame, the RNN converts an input audio feature to probabilities of characters. Then, the decoder computes probabilities of the keywords based on the recent character-level probabilities.
A. Character-Level Unidirectional RNN
The front-end RNN is a deep unidirectional long short-term memory (LSTM) [10] network with forget gates [11] and peephole connections [12] . Specifically, the RNN consists of three LSTM layers and a softmax output layer [13] , and sequence-to-sequence trained with connectionist temporal classification (CTC) [2] . The network is similar to the one employed for the endto-end speech recognition [14] . However, in our case, the network is unidirectional and trained with online CTC [3] on very long speech streams, instead of bidirectional LSTM networks with sequence-wise standard CTC training. This enables the RNN to process infinitely long input speech.
CTC [2] is one of the most successful sequence-to-sequence learning algorithms for RNNs.
Recently, CTC based end-to-end trained RNNs have been reported to show impressive performance in automatic speech recognition [14] , [15] , which are comparable to state-of-the-art DNN-HMM models. In those end-to-end models, RNNs learn how to directly transcribe the input speech to the corresponding character-level transcription without intermediate senone or phoneme modeling. Moreover, the RNNs can attain weak language models from the training speech, which diminishes the need for external lexicon models or word dictionaries. Although the language modeling capability is not sufficient for the application to LVCSR, this improves the accuracy of keyword spotting very much.
For the proposed keyword spotter, we employ the online CTC algorithm [3] to train continuously running unidirectional RNNs, which can process an infinitely long input speech without pre-segmentation. For this, the training is performed on the infinitely long training streams that are generated by randomly concatenating training sequences. The online CTC algorithm allows the RNN to learn sequences that are longer than the unroll amount. Therefore, a fixed amount of unroll can be used for training sequences with various lengths. This enables efficient RNN training with multiple parallel training streams on a GPU with synchronized forward and backward steps [16] using the online backpropagation through time algorithm [17] . The networks are unrolled 2,048 times and weight updates are performed every 1,024 forward steps with stochastic gradient descent (SGD).
As the input to the RNN, 40-dimensional log-filterbank features plus energy and their delta and double-delta (total 123-dimensional vector) are used. The feature vectors are extracted using a 25 ms Hamming window with 10 ms period and element-wisely normalized to zero mean and unit standard deviation based on the statistics obtained from the training set. The output is the probabilities for 30 labels including 26 alphabets, 2 special characters (' and .), the wordboundary label ( ), and the CTC blank label (-). The CTC blank label is generated when there is no specific output to emit.
All speaker independent training utterances in WSJ corpus [9] except verbalized punctuation versions are used for training. Also, odd transcriptions are filtered out, which makes the final training set contain 167 hours of speech. The WSJ Nov'93 20K development set is used as the validation set for annealing and early stopping.
B. Decoder Models
The output of the CTC-trained network is a vector that contains the probabilities of labels (i.e., characters, the word-boundary label, and the CTC blank label). The goal of decoding is to convert the character-level output sequence to the sequence of keyword-level probabilities.
To spot keywords with the soft output of the RNN, two back-end decoders are considered in this paper. As shown in Fig. 1a , the first one is similar to the HMM keyword spotter with a filler model [1] . Instead of HMM states, character-level nodes are used for filler and keyword networks. The keyword network starts and ends with the word-boundary labels, " ". At every frame, the posterior probability of the filler model and the keyword model are compared. When the difference of the two log-posterior probabilities is below a threshold, the keyword is detected.
For discriminative keyword spotting, multiple keyword networks can be employed. The definition of the keyword and filler probabilities will be described later in this Section.
The second decoding network is depicted in Fig. 1b , which is similar to the first one, but the filler network is removed. This is equivalent to setting the posterior probability of the filler model to one and inserting a word-boundary node before the keyword network. A keyword is detected when the negative log-posterior probability is below a threshold. The experiments in Section III show that there is virtually no performance difference between the two decoding networks. That is, the filler network is not needed for the CTC keyword spotter.
Actual state transition between two label nodes exactly follows the original formulation of the standard CTC. As depicted in Fig. 2 , each node in Fig. 1a and Fig. 1b consists of a character label or the word-boundary label followed by the CTC blank label. Note that transitions between the same CTC labels are not allowed. At every frame, each state updates its value by multiplying the net incoming probability by the corresponding RNN output, where the net probability is the sum of all incoming probabilities. However, when the filler model is employed, the incoming probabilities may have different label histories. In this case, the exact net probability cannot be obtained since the probabilities from different paths cannot be summed. Therefore, we approximate the sum operation to the max operation to find the best alignment (with timing) instead of the best path (without timing). Experimental results show that this approximation does not degrade the decoding accuracy when applied to the keyword-only model.
The probability of the filler model is defined as the maximum posterior probability among all CTC states inside the filler model. On the other hand, the probability of the keyword network is the summed (maximum, if the sum-to-max approximation is applied) posterior probability of the two CTC states inside the last word-boundary node (red and blue circles in Fig. 1a and Fig. 1b) .
Precision-recall trade-off is adjusted by the threshold value between these two probabilities.
Setting a large threshold increases the recall at the cost of the reduced precision, and vice versa.
III. EXPERIMENTS

A. Baseline DNN-HMM Keyword-Filler Model
As a baseline, the performance of the DNN-HMM keyword spotter is also obtained, where the 
B. Experimental Setup
The experiments are performed on the 42-minute audio stream that is generated by concatenating all 330 utterances in the WSJ Nov'92 20K evaluation set.
For the DNN-HMM keyword spotter with multiple keywords, the threshold of each keyword is given to be proportional to the duration of the keyword pronounced. For the proposed CTC keyword spotter, on the other hand, the threshold is proportional to the number of characters in the keyword.
The models are evaluated on the following keyword sets:
• Set A: percent, hundred, thousand, million, people, president, average, foreign, international, nuclear
• Set B: that, this, they, but, and, or, with, from, will, not Set A consists of multisyllabic words. On the other hand, Set B is a set of monosyllabic words, which are extremely difficult to detect without understanding the underlying linguistic structures.
C. Evaluation 1) Detection Latency:
The proposed keyword spotter employs unidirectional RNNs for lowlatency online spoken term detection. When unidirectional networks are trained with CTC, the network learns the output delay that is required for making use of sufficient amount of information from the input. Fig. 3 shows the input waveform and the posterior probabilities of the keywords from the keyword-only decoder. In this example, the keywords are detected within 200 ms after they are completely spoken. This is comparable to the human reaction time to speech stimuli, which is also roughly 200 ms as reported in [18] .
2) Comparison of the Decoding Models:
The precision-recall plots for Set A and Set B are shown in Fig. 4 , with various decoding models where the network size is fixed to 3x768 (i.e. 
